There has been little quantitative research on macro-prudential regulation for the Chinese banking system while the existing relevant research in other countries has not considered the network structure. Therefore, the present paper constructs a dynamic Chinese banking network system with complete and random structures and a quantitative model of macro-prudential regulation using four risk allocation mechanisms (Component VaR, Incremental VaR, Shapley value EL, and ∆CoVaR). Then we analyze empirically the macro-prudential regulation effect on the dynamic Chinese banking network system. The results show that the macro-prudential regulation focus on capital requirements for the Chinese banking network system is very effective in that most banks' default probabilities have been reduced. Moreover, the regulation effect of the ∆CoVaR mechanism is the most significant and it has strong applicability because it is not affected by the two network structures. The next effective methods are Component VaR and Shapley value EL mechanisms. The last is the Incremental VaR mechanism. The Chinese banking system with random network is more stable in most years than that of the complete network. Lastly, our analysis suggests that setting up capital requirements based on each bank's systemic risk contribution is able to promote the stability of the Chinese banking system.
Introduction
In recent years, the financial crisis had a profound impact on the stability of the banking system. The financial crisis shows that there are certain regulatory defects in micro-prudential regulation for banking systems, which only focuses on individual bank's robustness. However, the default bank may trigger contagious risk through the interbank linkages, which may endanger the entire banking system. Therefore, the macro-prudential regulation based on the perspective of an entire banking system has become a consensus.
There are few research studies about the macro-prudential regulation for the banking system. Balogh [1] and Cihak et al. [2] are both qualitative analyses. Balogh [1] summarized several macro-prudential regulation tools, which are identified by the Financial Stability Committee, the International Monetary Fund, and the Bank for International Settlements. Cihak et al. [2] analyzed the characteristics of changes in regulatory measures under the background of the global financial crisis and found that the changes were slow and gradual.
Some scholars only analyzed quantitatively the systemic risk of banking systems and how the risk spreads through the interbank market (i.e., contagious risk), but did not involve the quantitative research on macro-prudential regulation for the banking system. For example, Lehar [3] used the We find that most of the current research about the macro-prudential regulation for the Chinese banking system are qualitative. On the other hand, although a small amount of quantitative research has been studied in other countries, they have not considered the influence of the network structure. For example, Lehar [3] constructed the model of measuring banks' systemic risk, which mainly considered the correlation between banks' assets while the interbank network structure was not considered. Elsinger et al. [25] considered the interbank network, but the evolution of the model was only two time steps, and banks' assets and liabilities on the network were only randomly generated, which did not change dynamically with the time step. These two scholars mainly studied systemic risk without the macro-prudential regulation for banking systems. Gauthier et al. [12] and Liao et al. [13] calculated each bank's macro-prudential capital, according to its contribution to systemic risk, but they did not take into account the impact of the network structure. Therefore, the present paper considers the macro-prudential regulation focus on capital requirements for a Chinese banking system with complete and random network structures quantitatively. First, we construct a dynamic model of the Chinese banking system with complete and random networks based on Lehar [3] and Elsinger et al. [25] . We use the dynamic model to estimate the specific bilateral exposures in the Chinese interbank market with complete and random networks and the dynamic evolution of banks' balance sheet based on the actual data of 16 listed banks during 2010-2015. Then, we construct a quantitative model of macro-prudential regulation for the Chinese banking network system based on Gauthier et al. [12] and Liao et al. [13] , where we try to explore the method of macro-prudential regulation for the Chinese banking network system using four risk allocation mechanisms (Component VaR, Incremental VaR, Shapley value EL, ∆CoVaR), and then make a comparative analysis on the regulation effect under different risk allocation mechanisms in the two network structures, and put forward some regulation suggestions for Chinese-relevant regulatory agencies.
A Dynamic Model of the Chinese Banking Network System
Because of the dynamic evolution of banks' assets, liabilities, the interbank assets, and interbank liabilities, the banking network system presents a complex and changeable feature, which makes the modeling relatively difficult. In the present paper, we use the complex network theory to construct the network model of the Chinese banking system in which each bank is regarded as a node and all banks are connected with each other through the interbank linkages.
The framework of a dynamic Chinese banking network system is shown in Figure 1 . It mainly contains two processes: the estimation of the interbank bilateral exposures matrix in the Chinese banking system with complete and random networks (the mathematical model is presented in Section 2.1) and the dynamic evolution of banks' assets and liabilities (the mathematical model is presented in Section 2.2). In the first process, we need to generate a connectivity matrix (16 × 16) of complete and random networks, according to the network algorithm. The elements of connectivity matrix are 0 or 1, where 0 indicates that there is no connection between two banks, while 1 means there are interbank lending linkages between two banks. Then, we can estimate the bilateral exposures matrix of the Chinese banking network system with complete and random structures through the standardization and optimization based on the above connectivity matrix and the actual total interbank lending data of 16 listed banks from 2010 to 2015. In the second process, we use 16 Chinese listed banks' historical stock price data to estimate the dynamic evolution of banks' assets and use banks' actual initial debt data to estimate the dynamic evolution of banks' liabilities. With the evolution of the network structure and banks' assets and liabilities at each time step, the dynamic evolution of the Chinese banking network system was formed. 
Estimation of the Complete and Random Network
In the complete network, there is an edge between any two nodes, that is, any two banks have the interbank linkage in the banking system. In a random network, any two nodes attempt to connect with each other with a certain probability p (
, that is, the probability that any two banks have the interbank linkage in the banking network system with a random structure, which is p ( 1 0 < < p ). Moreover, it's the complete network if
In order to estimate the Chinese banking network system with complete and random structures, we need to obtain the interbank bilateral exposures matrix of the Chinese banking system. Due to the non-transparency of banks' information, we cannot obtain the banks' specific interbank exposures data. Only what we can get is the actual total interbank assets i a and the total interbank liabilities i b from the banks' balance sheet. Therefore, the present paper uses the method commonly used in the study, i.e. Maximum Entropy (such as Elsinger et al. [25] , Kanno [26] , Gauthier et al. [12] , and Fan et al. [27] ) to minimize the uncertainty of banks' interbank information in order to estimate the interbank bilateral exposures matrix of the banking network system. The interbank lending linkages could be represented by a ( N N × ) nominal interbank matrix X , as shown in Equation (1) .
The element 
In the complete network, there is an edge between any two nodes, that is, any two banks have the interbank linkage in the banking system. In a random network, any two nodes attempt to connect with each other with a certain probability p (0 < p < 1), that is, the probability that any two banks have the interbank linkage in the banking network system with a random structure, which is p (0 < p < 1). Moreover, it's the complete network if p = 1.
In order to estimate the Chinese banking network system with complete and random structures, we need to obtain the interbank bilateral exposures matrix of the Chinese banking system. Due to the non-transparency of banks' information, we cannot obtain the banks' specific interbank exposures data. Only what we can get is the actual total interbank assets a i and the total interbank liabilities b i from the banks' balance sheet. Therefore, the present paper uses the method commonly used in the study, i.e., Maximum Entropy (such as Elsinger et al. [25] , Kanno [26] , Gauthier et al. [12] , and Fan et al. [27] ) to minimize the uncertainty of banks' interbank information in order to estimate the interbank bilateral exposures matrix of the banking network system. The interbank lending linkages could be represented by a (N × N) nominal interbank matrix X, as shown in Equation (1) .
. . .
The element x ij in the matrix represents the lending loans of bank j to bank i, the sum of elements in each row b i represents the total interbank liability of bank i, and the sum of elements in each column a j represents the total interbank assets of bank j, which is specifically described in Equation (2) .
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We minimize the uncertainty of bank's interbank bilateral exposure information by standardizing ∑ j a j = ∑ i b i = 1. Thus, we get x ij = a j * b i , which represents the standardized lending loans of bank j to bank i. We know that the diagonal elements of X have to be zero, so we make new definitions for the elements x ij in the interbank matrix X as the following.
When estimating the interbank bilateral exposures matrix of the banking system with complete and random structures, we introduce the connection matrix of complete and random networks that is generated at the beginning. Then the element "1" in the connection matrix is set by the non-zero value in Equation (3) while the element "0" in the connection matrix is set by zero in Equation (3). However, X 0 = (x 0 ij ) in Equation (3) violates the summing constraints expressed in Equation (2) . Therefore, we use the optimization algorithm (shown as Appendix A, and the details refer to Elsinger et al. [4] ) to optimize the elements in the bilateral exposures matrix X 0 , according to Equation (4). Then we can get the final bilateral exposures matrix of the Chinese banking system with complete and random structures.
Estimation of the Time Evolution of Banks' Balance Sheet
Since the banks' asset value cannot be observed every day, we could only obtain the data at the end of the year from banks' balance sheets. However, the daily data of banks' equity prices can be obtained from the stock market. In this case, we use a method to estimate the banks' assets value of every day (i.e., the time evolution of assets value) by its daily equity data. In addition, the method has been used by Kanno [26] , Liao et al. [13] , and Fan et al. [27] to study the systemic risk of the banking system in Japan, Netherlands, and Kenya, respectively. By using the banks' equity price data, the Black-Scholes model (Equation (7)), and maximization likelihood function (Equation (10)), we could estimate the drift rate and volatility rate of banks' assets value, and then obtain the time evolution of banks' assets value, according to the stochastic model (Equation (6)).
Assuming that the asset value V i of bank i follows a geometric Brownian motion (this model has been widely used to simulate the movement of the stock market) with a drift rate µ i and a volatility rate σ i described as follows.
Based on the time series data from the stock market, the Geometric Brownian Motion aims to estimate the drift rate and variance of banks' asset value. In addition, the actual time series data used to estimate it is about one year. Therefore, the estimated asset value will not deviate too much if the stock market is in a crisis moment, which will have an impact on the estimated results. Yet, the impact will not be too great. The solution to Equation (5) is obtained as the formula below.
where z i (t) obeys normal distribution (N(0, 1)) and if we know µ i and σ i , then we will get the time evolution of V i according to Equation (6) .
As mentioned in Lehar [3] , a bank's equity can be interpreted as a call option on a bank's assets. Therefore, we can use a time series of observed equity prices of banks and balance sheet information to obtain the dynamic evolution of banks' asset value. Here, we use the Black-Scholes model [28] to estimate µ i and σ i as follows.
S t (t) is the equity value of bank i, which can be obtained from the stock market. φ(•) is the standard normal distribution function. T is the business day of the stock market, which is equal to 220 days. LD i (t) is bank i's debt with a maturity of t, which is assumed to be insured and, therefore, grow at the risk-free interest rate r.
t represents the evolution of days and
Given V i (0) and the time series data of bank equity prices {S i (0), S i (1), . . . , S i (T)} observed from the stock market, the time series data of bank debt {LD i (0), LD i (1), . . . , LD i (T)} calculated by Equation (8) (the face value of bank debt LD i (0) is observed from the balance sheet), we can estimate the time series value of the bank assets V i (1),V i (2), . . . ,V i (T) , according to Equation (7) . By setting the arbitrary initial value of µ i (0) and σ i (0), we can use the following maximization likelihood function proposed by Duan et al. [29] to estimate µ i and σ i of bank i.
where
. Lastly, we can get the time evolution of V i by taking µ i and σ i into Equation (6) . The total liabilities of bank i in the banking network system can be described by the equation below.
where r is the risk-free interest rate for each day and
is the initial capital of bank i.
The Default of Banks
In the present paper, we consider bank i default when it is insolvent, which satisfied Equation (12) as follows:
where bank i's total interbank assets a i (t) and total interbank liabilities b i (t) are affected by contagious risk in the interbank market, and the difference between the interbank assets a i (t) and interbank liabilities b i (t) is the liquidity of bank i in the model of this paper. Therefore, there are two kinds of banks' default in the present paper. One is the basic default from bank i own insolvency (
The other is contagious default caused by the lack of liquidity affected by interbank lending. This paper measures the sum of the two kinds of defaults, namely, banks' total default. In this scenario, we extend the clearing payment mechanism proposed by Eisenberg and Noe [4] to determine the payment of banks' debt in the dynamically evolving banking network system. We define a new matrix ∏ ∈ [0, 1] N×N to standardize the total interbank liabilities as follows.
where b i (t) = ∑ j x ij (t) means the total interbank liabilities of bank i at time step t. We define a clearing payment vector p * i (t) that respects bank i's limited liability and proportional sharing in case of default. It denotes bank i's total payments under the clearing mechanism, which is defined as follows.
and,
In this case, we adopt the default algorithm in Eisenberg and Noe [4] to find a clearing payment vector p * i . In addition, we should note that when bank i defaults, bank i can pay only a part of its interbank liabilities to other banks. The ratio is defined as follows.
Thus, the default of bank i has an impact on the total assets and total liabilities of its debt bank j because of the interbank lending, and they are updated in accordance with Equation (17) as follows.
Meanwhile, setting up its interbank linkages x i,j (t) = 0 after bank i default, and then re-estimate the bilateral exposures matrix. Moreover, the total interbank assets and total interbank liabilities of the debt bank j are updated, according to Equation (18) .
According to Equations (17) and (18), we note that, in the banking network system model of this paper, a bank's assets and liabilities are dynamically changing at each time step and are also affected by the interbank linkages. Once a bank defaults, its debt banks' total assets, total liabilities, interbank lending assets, and interbank liabilities will be updated and the other banks' interbank lending linkages with the default bank are updated to 0, accordingly. The default bank is cleared out of the banking system. The rest banks re-generate new interbank lending linkages at the next time step, so the bank's network is updated dynamically in this way.
After the banks' total assets, total liabilities, total interbank assets, and the total interbank liabilities are updated, we judge again that whether the bank is default, according to Equation (12) . The evolution of the banking network system is stopped when all banks default in each simulation scenario. Figure 2 is the quantitative model of macroprudential regulation for the Chinese banking network system. The model is constructed based on the dynamic evolution of the Chinese banking network system, that is, we calculate the banks' losses based on the dynamic evolution of the network structure and the balance sheet at first, and then introduce four risk allocation mechanisms to calculate the banks' macro-prudential capital. Thus, we can implement macro-prudential capital requirements for the Chinese banking network system (the mathematical model is presented in Section 3). The banks' total assets, total liabilities, the total interbank assets, and the total interbank liabilities The core of calculating banks' macro-prudential capital C lies in measuring banks' losses l. The banks' total assets, total liabilities, the total interbank assets, and the total interbank liabilities evolve with time step t in each simulation, where banks' losses at each time step are set by Equation (19) , and e i (t) in Equation (19) is calculated according to Equation (15) in Section 2.3.
The dynamic evolution (t time steps) of the banking network system is iterated for test of times (test = 1, 2, 3 . . . m) and l i,test (t) represents the loss of bank i at each time step of one time simulation. Therefore, we can get a N × m loss matrix that N banks in m times of simulation. The loss matrix under the given capital C i = (C 1 ,C 2 , . . . C N ) can be expressed as l(C). Then, we use the risk allocation mechanism f (•) to allocate systemic risk to every bank, which is described as f i (l(C)). Therefore, the macroprudential capital of bank i is calculated as follows.
where C 0 i is the initial capital of bank i and C * i is the redistributed capital of bank i. The banks' default probability are set as the ratio of the number of bank default and the total number of simulations m.
Four Risk Allocation Mechanisms
Following Gauthier et al. [12] and Liao [13] , we use the following four risk allocation mechanisms (Component VaR, Incremental VaR, Shapley value EL, and ∆CoVaR) to calculate each bank's macroprudential capital.
Component VaR
The core of the mechanism is to reallocate banks' capital based on the contribution β of each bank's loss l i to the total loss of the banking network system
.
The macroprudential capital of bank i under the Component VaR mechanism is given by the equation below.
The changes in the capital of bank i under the Component VaR mechanism is calculated by
Increment VaR
The core of the mechanism is to reallocate banks' capital, according to the change in the overall risk due to the exclusion of a bank in the system.
The banking network system simulated over 10,000 scenarios and, for each scenario, we compute the 5% VaR of the total losses l p in the system, denoted by VaR p . Then, we calculate the 5% VaR of the total losses excluding bank i denoted by VaR −i . Therefore, the increment VaR of bank i is calculated by the equation below.
The macroprudential capital of bank i under the increment VaR mechanism is given by the equation below.
The changes in the capital of bank i under the increment VaR mechanism is (C IVaR i
Shapley Value EL
The Shapley value EL mechanism is the arithmetic average of n times of simulation based on the increment VaR mechanism. So, new IVaR i is represented as φ i by the calculation of arithmetic average based on VaR p and VaR −i .
The macroprudential capital of bank i under the Shapley value EL mechanism is given by the equation below.
The changes in the capital of bank i under the Shapley value EL mechanism is (C [30] , CoVaR of bank i is defined as the total loss of the banking network system conditional on bank i, which realizes a loss corresponding to its VaR. CoVaR i can be described by the equation below.
where ∆CoVaR i is defined as the difference of CoVaR i and the VaR of the total losses in the banking network system conditional on bank i, which makes a loss at its median. Therefore, it is expressed by the formula below.
The macroprudential capital of bank i under the ∆CoVaR mechanism is given by the equation below.
The changes in the capital of bank i under the ∆CoVaR mechanism is C ∆CoVaR
Data
In the present paper, we collect 16 listed banks' balance sheet data and the stock prices data in China from 2010 to 2015. It should be noted that the Agricultural Bank of China (Beijing, China) and China Everbright Bank (Beijing, China) were both listed in 2010. Thus, the bank number (BN) in 2010 is set as BN = 14 and BN = 16 from 2011 to 2015 in our simulated banking network system. In addition, the size of 16 listed banks is different, and they present different characteristics. Moreover, we mainly calculate bank's macroprudential capital according to the contribution of each bank to the systemic risk of the whole banking system. The existing related studies such as Gauthier et al. [12] and Liao et al. [13] also used several risk allocation mechanisms to calculate the bank's macroprudential capital requirements. Their samples are six banks in Canada and four banks in the Netherlands, respectively. However, their research did not consider the interbank network structure that we have considered in the present paper. The 16 listed banks we choose in this paper are large listed banks. The sum of their total assets accounts for more than 60% of the total assets of the Chinese banking industry. (Chinese banking industry includes state-owned commercial banks, joint-stock commercial banks, city commercial banks, and postal savings banks, etc., among which state-owned commercial banks and joint-stock commercial banks are major commercial banks. The 16 listed banks used in this paper include all the five state-owned commercial banks, eight joint-stock commercial banks, and three city commercial banks. The assets of these banks are large among all listed banks.). We aim at using these banks' actual data to verify that the macroprudential regulation method used in this paper is effective and feasible. The number of banks in this study affects the results of the paper, but do not affect the verification of the macro-prudential regulation method. The banks' initial capital C0 is set to 7% of its initial total assets referred to the Basel agreement. Set the total simulation times m = 10,000 in the banking network system. We mainly use the data of banks' total assets (V), total liabilities (LD), the interbank assets (a), and interbank liabilities (b) for initialization in the banking network model and estimation of the bilateral exposures matrix. The data is shown in Figure 3 . It can be found that every bank's total assets and liabilities are generally increasing from 2010 to 2015, and the total assets are slightly higher than the total liabilities. Moreover, the size of the Bank of China (BOC) (Beijing, China), the China Construction Bank (CCB) (Beijing, China), the Industrial and Commercial Bank of China (ICBC) (Beijing, China), the Agricultural Bank of China (ABC), and the Bank of Communications (BOCOM) (Shanghai, China) are relatively large among all banks. These banks' total assets are more than or close to 10 13 . While, the size of the Bank of Ningbo (BON-B) (Ningbo, China) and the Bank of Nanjing (BON-J) (Nanjing, China) are relatively small. Their total assets are both less than 10 12 . The following are PingAn Bank (PAB) (Shenzhen, China), Huaxia Bank (HXB) (Beijing, China), and China Everbright Bank (CEB). Their total assets are all lower than 5*10 12 . In addition, the inline subgraph in Figure 3 shows that the interbank lending of banks varies year to year and it is clear that the interbank lending assets of the Bank of China (BOC) and the Industrial Bank Co., Ltd (CIB) (Fuzhou, China) are the largest from 2011 to 2012, and that of Bank of Ningbo (BON-B) and Bank of Nanjing (BON-J) are the smallest every year. We find that the interbank lending assets of the Bank of Ningbo (BON-B) After the dynamic evolution of the banking network system under the initial capital based on banks' initial actual data of the total interbank assets and interbank liabilities, we get its specific complete and random network structures from 2010 to 2015, which is shown in Figure 4 . As can be seen from Figure 4 After the dynamic evolution of the banking network system under the initial capital based on banks' initial actual data of the total interbank assets and interbank liabilities, we get its specific complete and random network structures from 2010 to 2015, which is shown in Figure 4 . As can be seen from Figure 4 , first, the interbank lending of Bank of China, China Construction Bank, and Agricultural Bank of China are all relatively large in the banking system with complete and random networks in most years from 2010 to 2015. In addition, there are also Bank of Communications, Bank Of Ningbo, China Minsheng Banking (Beijing, China), and Shanghai Pudong Development Bank (Shanghai, China) (2010-2011) in complete network, and also Shanghai Pudong Development Bank and Industrial Bank Co., Ltd in random network. Moreover, the China Construction Bank has many interbank linkages in a random network while the interbank linkage of the Bank of China is lower and the Agricultural Bank of China is not clear. Second, the interbank lending of the Bank Of Nanjing and China CITIC Bank (Beijing, China) are relatively small in the banking system with the two networks in most years. Additionally, there are PingAn Bank and Bank Of Ningbo (2010-2011) as well as Industrial Bank Co., Ltd (2014-2015) in a complete network. There is also the PingAn Bank in a random network. Moreover, the interbank linkages of China CITIC Bank and Bank Of Ningbo are less in a random network in most years and the PingAn Bank is not clear. Lastly, the Bank of Beijing (Beijing, China) is more prominent in the two networks since its interbank lending is relatively small in the banking system with a complete network in most years, while it is relatively large in a random network and has many interbank linkages. Meanwhile, according to the parameter estimation process by using banks' stock data and the maximization likelihood function in chapter 3, we obtain the drift rate µ i and volatility rate σ i of banks' asset value every year, as shown in Figure 5 . It is clear that the drift rate µ i and volatility rate σ i of PingAn Bank, Bank of Ningbo, Bank of Nanjing, Huaxia Bank, and Bank of Beijing are relatively high among the 16 banks from 2010 to 2015. Therefore, the asset value of these banks fluctuates largely every year while the rest of the banks are stable.
Meanwhile, according to the parameter estimation process by using banks' stock data and the maximization likelihood function in chapter 3, we obtain the drift rate 
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Changes in Capital
According to the formula in Section 3.1
, we obtain the changes in banks' capital under the four risk allocation mechanisms and the initial capital (see Figure 6) .
First of all, it can be seen from Figure 6 
Results
Changes in Capital
According to the formula in Section 3.1 (C * i − C 0 i )/C 0 i , we obtain the changes in banks' capital under the four risk allocation mechanisms and the initial capital (see Figure 6) .
First of all, it can be seen from Figure 6 Then, we analyzed the changes in banks' capital in detail. (1) The bank's capital decreased. According to Figure 6 , there are the Bank of China, the Bank of Communications, the China Construction Bank, the Industrial and Commercial Bank of China, and the Agricultural Bank of China whose capital decreased in the banking system with complete and random networks under the four mechanisms from 2010 to 2015, especially the China Construction Bank and the Industrial and Commercial Bank of China, which have reduced the most under the Component VaR and ∆CoVaR mechanisms, which reduced by about 60% to 75% and it is about 5% to 30% under the other two mechanisms. In addition, the capital of PingAn Bank Bank Of Ningbo, and Bank Of Nanjing decreased under the Incremental VaR mechanism in a complete network in 2010 and 2012, and the capital of China CITIC Bank, the China Merchants Bank Ltd (Shenzhen, China), the Industrial Bank Co., Ltd, the Shanghai Pudong Development Bank, China Minsheng Banking, and the China Everbright Bank decreased in the two networks under the Shapley value EL mechanism from 2014 to 2015. (2) While the other banks' capital are all basically increased in the other cases, it is found that some banks' capital has a significant increase under the Component VaR and ∆CoVaR mechanisms, especially the Bank Of Ningbo and the Bank Of Nanjing, which have increased both by more than or close to 100% from 2010 to 2015. The capital of the PingAn Bank, the Huaxia Bank, and the Bank of Beijing, China Everbright Bank has increased by about 100%-500%, while it is within 100% under the Incremental VaR and Shapley value EL mechanisms. Furthermore, it is found that the capital of PingAn Bank, Bank Of Ningbo, and Bank Of Nanjing changes by comparing it with a complete network and a random network under the Component VaR and Incremental VaR mechanisms in 2010, 2012, and 2013, while it is not clear with the two networks in other cases. 
The Default Probability of Banks under the Initial Capital and Four Risk Allocation Mechanisms
First, we discuss each bank's default probability in the banking system with complete and random networks under the initial capital from 2010 to 2015 (see Figure 7) . It is found that the default banks are the most from 2010 to 2011 in the two networks and each bank's default probability is the highest in 2010, especially the default probability of the Bank Of Ningbo in a random network, which is close to 2.5%. In this case, we know that its interbank lending is not clear and it has little interbank linkages, according to Figure 4 . There are mainly the PingAn Bank, the Bank Of Ningbo, the Bank Of Nanjing, the Huaxia Bank, the Bank of Beijing, and the China Everbright Bank that often default among the 16 banks during the six-year period. Moreover, some banks' default probability is significantly different between the two networks, such as the Bank Of Ningbo in 2010 and 2014, the Huaxia Bank in 2011, Bthe ank of Beijing in 2012, and the Bank Of Nanjing in 2015. These banks' default probability in a complete network is significantly lower than that of the random network while the default probability of the PingAn Bank in 2011 and 2013, the Industrial Bank Co., Ltd in 2010, the Huaxia Bank in 2012 and 2013, and the Bank Of Ningbo in 2015 in a complete network is significantly higher than that of the random network. Furthermore, we study the stability of the entire banking system with complete and random networks by calculating the average default probability of all banks (see Figure 8 ). It is found that the banking system is the most unstable in 2010. Its average default probability is basically reduced year by year from 2010 to 2014. In addition, the average default probability of the banking system with a complete network is clearly higher than that of the random network in 2013, while it is the opposite in 2014, and it is not clear in the other years.
Then, it is found that most banks' default probability is reduced every year under the four risk allocation mechanisms by comparing the colorful marks with a black mark in Figure 9 . However, there are individual banks whose default probability under the redistributed capital is unexpectedly higher than that of the initial capital in some cases, which are the Shanghai Pudong Development Bank under the Component VaR mechanism, the Bank Of Nanjing under the Shapley value EL mechanism in a random network in 2010, the PingAn Bank in 2010, the Bank Of Ningbo in 2010 and 2012, and the Bank Of Nanjing in 2010, 2012, and 2013 under the Incremental VaR mechanism in a complete network. We find that these banks have defaulted under the initial capital, especially the Bank Of Ningbo and the Bank Of Nanjing whose default probability is relatively high. However, their capital has reduced under the four risk allocation mechanisms. The Bank Of Ningbo has reduced the most in 2010 (by about 80%). To sum up, these banks have been already relatively fragile under the initial capital. In addition, their capital have been further reduced after the readjustment. At the same time, they have relatively weak interbank linkages in the interbank market. Therefore, their situation cannot be improved. However, the capital of the Bank of China, the China Construction Bank, the Industrial and Commercial Bank of China, and the Agricultural Bank of China have also been reduced under each mechanism every year in addition to individual cases, but their default probabilities have not increased. This is because these banks do not default under the initial capital, which indicates that these banks themselves are relatively robust and they have relatively large interbank linkages with many banks, which help them to resist risks. Then, it is found that most banks' default probability is reduced every year under the four risk allocation mechanisms by comparing the colorful marks with a black mark in Figure 9 . However, there are individual banks whose default probability under the redistributed capital is unexpectedly higher than that of the initial capital in some cases, which are the Shanghai Pudong Development Bank under the Component VaR mechanism, the Bank Of Nanjing under the Shapley value EL 
Regulatory Analysis and Enlightenment
This paper mainly calculates banks' macro-prudential capital quantitatively (the simulation results in Section 5.1) and then analyzes the banks' macro-prudential regulation effect by comparing the banks' default probability under the macro-prudential capital and that under the initial capital (the simulation results in Section 5.2). In Section 5.3, we try to explore the inherent laws of the banks' macro-prudential regulation using the results in Sections 5.1 and 5.2, and give some policy implications.
In order to measure the macro-prudential regulation effect on the whole banking system with complete and random networks under the four mechanisms, we calculate the average default probability for all banks and the results are shown in Figure 10 . It can be seen from Figure 10 that the macro-prudential regulation on the banking system with a complete network under the Incremental VaR mechanism in 2010 is not effective (the average default probability of the banking system under the redistributed capital is higher than that of the initial capital), while the four mechanisms all effectively reduce the average default probability of the banking system in the other cases, which shows a good regulation effect. In addition, it is found that the average default probability of the banking system with a complete network is significantly higher under the Incremental VaR mechanism in 2010, 2012, and 2013 than that of the random network, while it is slightly higher in a random network under the Shapley value EL and Component VaR mechanisms in 2010. It is not clear in the other cases. Generally, the ∆CoVaR mechanism has the best regulation effect. The average default probability of the banking system each year under this mechanism in the two networks is basically 0, which shows that the banking system under this mechanism is not affected by the two network structures. This is followed by the Component VaR and the Shapley value EL mechanisms, respectively. Lastly, the average default probability of the banking system with a complete network in 2010 under the Incremental VaR mechanism is higher than that of the initial capital and they are close in 2012. 
This paper mainly calculates banks' macro-prudential capital quantitatively (the simulation results in Section 5.1) and then analyzes the banks' macro-prudential regulation effect by comparing the banks' default probability under the macro-prudential capital and that under the initial capital (the simulation results in Section 5.2). In Section 5.3, we try to explore the inherent laws of the banks' macro-prudential regulation using the results in sections 5.1 and 5.2, and give some policy implications.
In order to measure the macro-prudential regulation effect on the whole banking system with complete and random networks under the four mechanisms, we calculate the average default probability for all banks and the results are shown in Figure 10 . It can be seen from Figure 10 that the macro-prudential regulation on the banking system with a complete network under the Incremental VaR mechanism in 2010 is not effective (the average default probability of the banking system under the redistributed capital is higher than that of the initial capital), while the four mechanisms all effectively reduce the average default probability of the banking system in the other cases, which shows a good regulation effect. In addition, it is found that the average default probability of the banking system with a complete network is significantly higher under the Incremental VaR mechanism in 2010, 2012, and 2013 than that of the random network, while it is slightly higher in a random network under the Shapley value EL and Component VaR mechanisms in 2010. It is not clear in the other cases. Generally, the ΔCoVaR mechanism has the best regulation effect. The average default probability of the banking system each year under this mechanism in the two networks is basically 0, which shows that the banking system under this mechanism is not affected by the two network structures. This is followed by the Component VaR and the Shapley value EL mechanisms, respectively. Lastly, the average default probability of the banking system with a complete network in 2010 under the Incremental VaR mechanism is higher than that of the initial capital and they are close in 2012. There is a relatively significant difference between the two networks in the default probability of the banking system under the Incremental VaR, Shapley value EL, and Component VaR mechanisms from 2010 to 2013, while it has little difference under the ∆CoVaR mechanism. This indicates that the macro-prudential regulation for the banking system under the ∆CoVaR mechanism is not affected by the two network structure, so this mechanism has strong applicability. The banking system is easily affected by the two network structures under the other mechanisms when it is unstable (it is clear in 2010). Moreover, combining the changes in banks' capital (Section 5.1) with its default probability (Section 5.2), we consider that it is essential to reallocate the excess capital from the stable banks to those small and relatively fragile banks that lack capital when reallocating banks' capital by the four risk allocation mechanisms, which enhances the stability of the whole banking system and ensures that banks' capital can be fully utilized.
We have obtained the following important policy implications: (1) In the current international financial crisis environment, the macroprudential regulation for the Chinese banking system is extremely urgent, and the empirical study in this paper shows that the macro-prudential regulation of the Chinese banking system is effective. Therefore, we suggest that relevant financial regulatory agencies should conduct macro-prudential regulation for the Chinese banking network system. (2) Considering each bank's size is different, and the changes in each bank's capital are different, we recommend setting different capital requirements for each bank based on its contribution to the systemic risk in order as to improve the stability of the entire banking system. (3) We recommend that the ∆CoVaR mechanism is preferred, which works best both in complete and random networks.
Conclusion
This paper constructed a dynamic model of the Chinese banking network system with complete and random structures and a quantitative macroprudential regulation model using the four risk allocation mechanisms (Component VaR, Incremental VaR, Shapley value EL, and ∆CoVaR). Then we studied empirically the regulation effect by comparing the banks' default probability. The results show that the default probability of most banks under the four risk allocation mechanisms is significantly lower than that under the initial capital, which indicates that the macro-prudential regulation focus on capital requirements is effective in improving the stability of the banking system. Moreover, it is found that the Chinese banking system with a random network was more stable under the Incremental VaR mechanism in the most years, and the stability of the banking system with the two networks is basically the same under the ∆CoVaR mechanism. Furthermore, the changes in banks' capital under the Component VaR and ∆CoVaR mechanisms were large in the two networks, while it was relatively small under the other two mechanisms. The regulation effect of the ∆CoVaR mechanism is the most significant. It has strong applicability because it is not affected by the two network structures. The next are Component VaR and Shapley value EL mechanisms. The last is the Incremental VaR mechanism, and the network structure can easily influence it. Lastly, it was found that the four risk allocation mechanisms are essentially allocating the large banks' surplus capital to those relatively weak banks that are lacking capital. Therefore, the regulators need to set up different capital for each bank based on its contribution to systemic risk in order to ensure the stability of the banking system as a whole.
The present paper enriches the quantitative research on the macroprudential regulation for the Chinese banking system from the perspective of the network structure and provides a certain reference for the relevant financial regulatory agencies. In the future study, we will collect more banks' actual data to enrich our present study and consider the other network structures. 
Appendix A. The Optimization Algorithm of Estimating the Bilateral Exposures Matrix
Step 1: Start the iteration for the elements in the interbank matrix X, x 0 ij = a j b i if i = j, otherwise x 0 ij = 0.
Step 2: Take the rows constraint and set:
, i ∈ 1, 2, . . . , N.
(A1)
Step 3: Take the columns constraint and set:
, j ∈ 1, 2, . . . , N.
(A2)
The K iteration runs across the rows and columns constraints show that:
(A3)
The iteration is stopped when x K+1 ij
< ε, where ε > 0.
